Abstract-Localization is fundamental to autonomous operation of the mobile robot. In this paper, a new optimal filter namely fuzzy neural network based extended Kalman filter (FNN-EKF) is introduced to improve the localization of a mobile robot in unknown environment. The filter is a combination between a normal extended Kalman filter (EKF) installed on a differential-drive wheeled mobile robot and an online adjustment of the process noise covariance matrix Q and the measurement noise covariance matrix R. The adjustment is performed by fuzzy system and the purpose is to overcome the divergence of the EKF when the matrices Q and R are fixed or wrongly determined. The membership functions of the antecedent and consequent parts of fuzzy if-then rules in the fuzzy system are tuned by neural network. Integrating neural network into the fuzzy system called the fuzzy neural network is to gain the accuracy while reducing the time and cost in designing the membership functions. Simulating experiments have been conducted and results show that the FNN-EKF is more accurate than the EKF in localizing the mobile robot. An evaluation of the system with respect to suggestions of possible future developments is also mentioned in the paper.
I. INTRODUCTION
Localization is a major problem in mobile robotic. In order to autonomously complete given tasks, the robot needs to know its position and orientation in operating environment. As a result, various approaches have been proposed to localize the mobile robot [1] [2] [3] [4] . For example, the Monte Carlo method is able to determine the robot position without knowledge of its starting location. This method is faster, more accurate and less memory intensive than grid based methods [1] . A survey of Bayesian filter applying to real world estimation was done in [2] . This research showed that the Bayesian filter technique is a statistical tool to help to perform the multi-sensor fusion, estimate the system state and manage the measurement uncertainties.
Among various localization methods, the EKF is considered as one of the most popular and effective approaches due to its ability to reject unnecessary and false data [5] [6] [7] . This filter uses the sensor data and the systematic information to estimate the robot's position in a scenario that the system is affected by Gauss white noise [8, 9] . The efficiency of the EKF depends on the accuracy in determining the process noise covariance matrix Q and the measurement noise covariance matrix R. In practice, it is often assumed that these matrices are fixed and calculated through off-line processes while they actually change according to the operation time due to random errors. This makes the EKF diverge in some cases. The fuzzy logic can be employed to overcome this disadvantage [10] . Fuzzy logic rules enable an online adjustment of the matrices Q and R during the operation of the EKF and consequently increase the performance as well as prevent the divergence of the filter. Nevertheless, the fuzzy system usually requires a lot of time to design and tune its membership functions and rules. A technique which can fix these disadvantages is neural network [11] . It can be used to tune the membership functions of fuzzy systems so that the development time and cost are reduced while improving the system performance.
In this paper, the fuzzy system is used to continuously adjust the noise covariance matrices Q and R at each Kalman step. This ensures the relevance and convergence of the EKF algorithm. The membership functions of the antecedent and consequent parts of fuzzy if-then rules are tuned by neural network. The combination between fuzzy logic and neural network creates the fuzzy neural network. The incorporation of fuzzy neural network into the EKF creates a new optimal filter called the fuzzy neural network based EKF (FNN-EKF). This filter is implemented in the two-wheeled, differentialdrive mobile robot model for the problem of localization in unknown indoor environment.
The paper is divided into five parts as follows. Part II describes the model of two-wheeled, differential-drive mobile robot and the implementation of the EKF for this kind of robot. The use of fuzzy neural network to overcome the weakness of the EKF in localization problem is presented in Part III. Simulation installation and results are presented in the Part IV. Finally, an evaluation of the system with respect to suggestions of possible future developments is mentioned in Part V.
II. MOBILE ROBOT LOCALIZATION WITH EKF
The two-wheeled, differential-drive mobile robot with non-slipping and pure rolling is considered in this research. Figure 1 shows the coordinate system of the robot, where (X G , Y G ) is the global coordinate system and (X R , Y R ) is the local coordinate system relative to the robot chassis. With this type of mobile robot, the dead reckoning is often used to determine the relative position of the robot in the work space. 
where R is the wheel diameter, n is gear ratio of the reduction gear between the motor and the drive wheel, and C e is the encoder resolution. Suppose that at time i, the encoders of left and right wheels count the pulse increments of N L,i and N R,i respectively. The displacement of each wheel is then calculated as:
These can be translated to the linear incremental displacement of the robot's center ∆S and orientation angle ∆θ
where L is the distance between two wheels. The coordinates of the robot at time i in the global coordinate frame can be then updated by:
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The equation (4) does not consider errors appeared in the system while in fact errors are unavoidable and affect the system performance. The EKF is used to reduce the effect of the errors to the system. The installation of the EKF for the mobile robot is summarized as follows.
be the state variable describing the instantaneous position and direction of the robot, , ,
stochastic different equation of the robot's kinematic model is described as:
and the measurement equation is written as:
where the random variables (0,
present the process and measurement noises. They are assumed to be independent of each other, white and normal probability distributions with the process noise covariance matrix Q and the measurement noise covariance matrix R.
The EKF is implemented in two phases: the prediction and correction as follows:
1. Prediction step with time update equations ˆ(
where ˆi − x : the priori state estimate at step i given knowledge of the process priori to step i-1 i − P : the covariance matrix of the state prediction error i P : the covariance matrix of the corresponding estimation error A : the Jacobian matrix of partial derivates f to x W : the Jacobian matrix of partial derivates f to w Q : the input noise covariance matrix 2. Correction step with measurement update equations 1 (
whereˆi x : the posteriori state estimate at step i given measurement z i i K : the Kalman gain R : the covariance matrix of measurement noise H : the Jacobian matrix of partial derivates h to x V : the Jacobian matrix of partial derivates h to v Equations (7) to (11) show that the efficient operation of the EFK depends on the accuracy of the noise covariance matrices Q and R. It is not easy to perform the dynamic determination of Q and R, especially during the operating session of the mobile robot. In practice, Q and R are usually assumed to be fixed and their values are often predetermined before the execution of the EKF. Though this approach is simple, it has some drawbacks. Firstly, the fixed matrices Q and R are not able to reflect the variation of noise. Secondly, the covariance error P and the Kalman gain K would quickly stabilize and remain constant. This is equivalent to the convergence of the EKF to some certain degree of accuracy. And finally, the fixation of Q and R in some cases may break the stability operation of the EKF and cause the system to be halted. The fuzzy logic can be employed to overcome these. Fuzzy logic rules enable an online adjustment of the matrices Q and R during the operation of the EKF and consequently increase the performance as well as prevent the divergence of the filter.
III. THE FUZZY NEURAL NETWORK BASED EKF
This section presents the use of fuzzy logic to overcome disadvantages of the EKF. A fuzzy neural network which is computational equivalent to fuzzy system is used to tune membership functions of the antecedent and consequent parts of fuzzy if-then rules. The fuzzy inference system with the input D i and the output R i Δ defines three general rules as:
Each element in the main diagonal of R is then adjusted as ( , ) ( , )
where R i Δ is an adjusting factor added or subtracted from the elements (j,j) of the matrix R at each time interval. The adjustment of the process noise covariance Q is similar to above steps for R except that the theoretical covariance matrix of i r is replaced by:
B. The fuzzy neural network
In this part, the installation of neural network into the fuzzy inference system is presented. The membership functions of the antecedent and consequent parts of fuzzy if-then rules are tuned based on given training set instead of choosing manually.
The input/output language variables of the fuzzy system are chosen as below:
-Di: Negative (N), Zero (Z), Positive (P)
Rules for the fuzzy system are defined so that the difference between the theoretical covariance and the actual covariance of the residual is smallest. where z k is the computed output form of the fuzzy system corresponding to the input pattern D k and the desired output k R Δ . The hybrid neural network learns the shape parameters a i , b i , c i , and σ i of each membership function by using the steepest descent method. They are described as: E a (t +1) = a (t) -
If i
where η>0 is the learning constant and t is the number of the adjustments. From these parameters, the new membership functions or learned membership functions are use for the fuzzy inference system.
IV. SIMULATION
In this section, the simulation is presented to evaluate the efficiency of the FNN-EKF for mobile robot localization. The robot mentioned in part II is employed with following parameters: the wheel's diameter R =0.05m, the distance between the wheels L = 0.6m, the gear ratio of the reduction gear between the motor and the drive wheel n = 1 and the encoder resolution C e = 500. These parameters are extracted from a real mobile robot built by the author's research group [12] . The random errors are modeled as being proportional to the displacement of the robot's center ∆S i and orientation ∆θ i at step i. The input noise covariance matrix Q is defined 
The simulation program creates an arbitrary path of the robot called "The theory path". Due to random errors, the robot actually follows another path called "The true path". Sensor system updates the robot state by making measurements to create "The measurement path". The comparison among these paths is shown in fig.3 . The goal of the filter is to estimate the path that is most close to the true path. The comparative result of paths estimated by the EKF and FNN-EKF is shown in the figure 4. It shows that the estimated path estimated by the FNN-EKF is better than the EKF due to the smaller deviation in compare to the true path. The deviation between the estimated value of the EKF and the FNN-EKF and the true path in the X, Y direction and the orientation angle is shown in the figure 9, 10, and 11 respectively. A comparison between the initial FNN-EKF and the tuned FNN-EKF in the figure 12 indicates the efficiency of the neural network in tuning the membership functions of the fuzzy system.
V. CONCLUSIONS
This research proposes the fuzzy neural network based extended Kalman filter for the localization problem of mobile robot. This filter estimates the path that is most approximate to the real path of robot motion. The simulation results demonstrate the improvement of the FNN-EKF compared to the EKF. The good localization result from this research can be used as observation data for the controller to control the robot motion in navigation tasks. In future work, the presented research will be installed in a real mobile robot in order to enhance the accuracy and efficiency of autonomous operation.
